Process-oriented models driven by highly resolved meteorological inputs and comprising a short internal time step are sometimes used to predict substance fluxes in air, soil and water over fairly long periods of time. To ascertain whether regression-based input-output analyses in such cases can provide adequate parametric models of the impact of daily and monthly fluctuations in inputs on annual outputs, we studied the SOIL/SOILN model of vertical transport of heat, water and nitrogen through arable soils. Annual leaching of nitrate from the root zone was regarded as the response variable, and regressors were selected from among the set of all linear combinations of daily or monthly values of five different meteorological inputs. We found that, although several of the underlying processes described by the SOIL/SOILN model are non-linear, both ordinary and partial least squares regression (OLS and PLS) identified the subsets of input variables with the strongest influence on the model output, and the dominating time lags between model inputs and outputs.
INTRODUCTION
In process-oriented, deterministic models of environmental systems, the output is uniquely determined by the initial state of the studied system, the inputs and a set of model parameters. Nevertheless, it can be difficult to comprehend how fluctuations in the inputs influence the outputs. For example, it is often practically impossible to trace the impact of natural fluctuations in weather through each of the different processes and compartments of a studied system. Hence, there is a strong need for procedures that can extract simplicity out of complexity and thereby render models of environmental systems more transparent (Young et al. 1996) . Model simplifications have been found to be particularly valuable when models developed for small spatial units are to be extrapolated to large areas (e.g. Bouzaher et al. 1993 , de Vries et al. 1998 , and for incorporating the knowledge gained from processoriented modelling into decision support tools (Quinn et al. 1999 , Forsman et al. 2002a ).
The present study was focused on elucidating the influence of highly resolved inputs on the total outputs over periods that are much longer than the internal time step of the model under consideration. It is easy to show that such aggregation of outputs can enable considerable simplification of many process-oriented models. First, some inputs that mainly influence the short-term dynamics of the outputs may be omitted. Secondly, temporally aggregated outputs can be almost linear functions of the inputs, even though several of the processes included in the model are highly non-linear (Forsman & Grimvall 2002) . Impulse-response weights in linear models are also highly interesting because they are easy to comprehend, whereas parameters of non-linear models, such as artificial neural networks (ANNs), can rarely be given a physical interpretation (Dawson & Wilby 2001) . Hence, we examined the use of regression analysis of large sets of model inputs and outputs to estimate impulse-response weights that describe the impact of highly resolved inputs on temporally aggregated outputs.
Inasmuch as the total model output for a certain period, for example one year, can be influenced by a very large number of daily or monthly inputs for the current and previous years, we need statistical procedures that can clarify the response to a substantial number of strongly correlated explanatory variables. Over the past decades a variety of regression methods, such as principal components regression, ridge regression and partial least squares regression (PLS), have come to be widely used to resolve such issues, and there is now a unified theory regarding these techniques. In particular, it has been demonstrated that there is a continuous spectrum of regression methods that provide a link from principal components regression, over PLS, to ordinary least squares regression (OLS) (Stone & Brooks 1990) . The relationship between PLS and ridge regression has also been clarified (Sundberg 1993 , Bjö rkströ m & Sundberg 1999 .
In a previous study (Forsman et al. 1998) , we used PLS to elucidate the dynamic behaviour of the soil nitrogen model SOIL/SOILN (Johnsson et al. 1987 , Jansson & Halldin 1979 , which is a process-oriented model of the vertical transport of heat, water and nitrogen through arable soils. More specifically, we showed that statistical analysis of the response of the model to artificially generated meteorological inputs could explain the connection between annual totals of nitrate leaching and monthly mean values of air temperature, precipitation and other meteorological variables. The present study was devoted to a more thorough analysis of the feasibility of using linear statistical approximations of basically non-linear models to reveal possible effects of short-term fluctuations in the inputs on temporally aggregated model outputs.
The focus was on using artificially generated inputs and outputs of the SOIL/SOILN model to investigate the following:
(i) the amount of data needed to discern statistical relationships between the annual leaching of nitrate and daily or monthly meteorological inputs;
(ii) the feasibility of handling regression models with up to a thousand explanatory variables, corresponding to different meteorological inputs at different times;
(iii) the goodness-of-fit of linear models based on either daily or monthly meteorological inputs;
(iv) the possible advantages of PLS over OLS for analysis of input-output data.
MODELS AND DATA
The SOIL/SOILN model
The SOIL/SOILN model comprises a soil water and heat module (Jansson & Halldin 1979 ) and a nitrogen module (Johnsson et al. 1987 ) coupled in series. The water and heat module uses daily meteorological data (air temperature, cloudiness, precipitation, vapour pressure and wind speed) as inputs to predict soil water and heat conditions at any level in a soil profile; the main equations are derived from Fourier's and Darcy's laws. The nitrogen module includes the major processes that determine inputs, transformations and outputs of nitrogen in arable soils ( Figure   1 ). Nitrogen inputs can be in the form of commercial fertiliser or manure added to the topsoil or atmospheric deposition; harvesting, leaching, and denitrification con- The observed time series of data can be considered to be a realisation of a multivariate stochastic process. To be able to generate other realisations of the same process, it is necessary to identify the underlying multivariate probability distributions. We used vector autoregressive models to generate daily data (Forsman et al. 2002b ) and multivariate regression models to generate monthly data.
Seasonal fluctuations were taken into account by generating data separately for each month of the year. Nonnormality was handled by transforming the original data, fitting a model to the transformed data and finally transforming the generated data back to the original form.
REGRESSION METHODS
Feeding the SOIL/SOILN model with observed or synthetic meteorological data produced values of the selected response variable, that is, annual nitrate leaching.
Monthly or daily meteorological data for the current and previous years were selected as explanatory variables in the regression analysis. To enable identification of the variables that had the strongest influence on the model output, prior to the analysis, we standardised the data for each meteorological variable to unit mean standard deviation, where the mean was taken over the monthly values.
The results are presented as impulse-response weights (regression coefficients) for the standardised explanatory variables. All data were analysed by both PLS and OLS.
PLS is an indirect regression technique in which the variation of a response variable is linked to a large number of explanatory variables through a small or moderate number of factors that are defined as normed linear combinations of the explanatory variables. The first version of PLS was described as a numerical algorithm (Wold 1975) .
The theoretical aspects of this method have now been thoroughly investigated (Frank 1987 , Helland 1988 , 1990 , Hö skuldsson 1988 , Garthwaite 1994 ) and PLS has become a standard tool in chemometrics and multivariate calibration (Martens & Naes 1989 , Brown 1993 ).
The first factor in a PLS model is selected to maximise the covariance with the response variable and is subsequently used as a regressor in an OLS regression model. The next factor is selected to maximise the covariance with the estimated residuals from the OLS model. 
RESULTS

Analysis of the response to monthly fluctuations in meteorological data
The results of PLS analysis of the response to In an attempt to estimate the amount of data needed to identify the most influential input variables, we com- Comparison of a three-factor PLS model and an OLS model is illustrated in Figure 5 . The pattern of the regression coefficients is more irregular with OLS than with PLS, especially regarding the variables of temperature and vapour pressure. To determine whether this difference between the OLS and PLS coefficients was due to uncertainty in the parameter estimates, we divided the total data set into four subsets of equal size and then estimated the coefficients for each subset. The results, presented in Figures 6 and 7 , indicate slightly larger variability in the OLS estimates than in the PLS estimates, but ing is aggregated to two-year means (Figure 8b) , the response becomes even more linear and the residuals are smaller. The R 2 values for the models in Figure 8(a, b) are 0.67 and 0.70, respectively.
Analysis of the response to daily fluctuations in meteorological data
The number of explanatory variables increased dramatically when the analysis of the response to fluctuations in meteorological data was extended from monthly averages to daily data, and so we analysed the meteorological variables separately. Figure 9 shows the nitrate leaching response to daily fluctuations in precipitation for an OLS model and a one-factor PLS model. The PLS coefficients appear to be biased, but the overall pattern is similar for the two methods. With three factors in the PLS analysis, the regression coefficients are almost the same (see Figure   10 ). In Figure 11 , daily temperatures are the explanatory variables and the differences between the two methods are more evident due to the large autocorrelations in temperature, as compared to precipitation. Closer examination of the larger variability in the OLS estimates indicated that this was due to considerable statistical uncertainty; when the regression coefficients were estimated separately for two subsets of the original data, there were distinctly different patterns in the coefficient estimates.
Predicted versus simulated nitrate leaching for two models based on daily inputs is depicted in Figure 12 . Both of the illustrated models predict two-year means of nitrate leaching; explanatory variables are three years of daily precipitation for the first model and three years of daily precipitation and temperature for the second model. The R 2 values for the two models are 0.81 and 0.87, respectively. Accordingly, employing daily instead of monthly data clearly improves the models, and this is even more evident considering that the models with daily data do not include all meteorological inputs.
The impact of smoothing day-to-day variation in meteorological data
When using monthly averages of the meteorological data as explanatory variables, the required daily input to the SOIL/SOILN model was generated by spreading the monthly precipitation uniformly over the days of the month. We have already seen that such smoothing of the model input resulted in lower R 2 values. Further analysis demonstrated that the cumulative values of nitrate leaching obtained in SOIL/SOILN simulations decreased significantly when the day-to-day variation in meteorological inputs was removed (see Figure 13 ). Hence, smoothing of the inputs can also jeopardise the physical interpretation of the coefficients derived by regressing annual leaching on monthly averages of the meteorological inputs. Hydrologists have long known that, for a given amount of precipitation, the water flow in soil will be lower if there is the same amount of precipitation every day rather than larger amounts on a limited number of days. Since nitrate is dissolved and transported in the water, the reduced water flow will also lead to a decrease in nitrate leaching.
DISCUSSION
The present results demonstrate that regression analysis However, it has also been recognised that linear methods such as PLS can be competitive (Hadjiiski et al. 1999 (Bishop 1995) . Finally, it should be mentioned that the performance of linear predictors involving highly resolved (daily) inputs was superior to that of linear predictors based on temporally aggregated (monthly) inputs.
The two regression methods we investigated, PLS and OLS, produced regression coefficients that were almost identical for the variable precipitation but differed greatly for the other variables, especially temperature and vapour pressure. Closer inspection of the results presented in Figure 5 revealed that the major differences appeared when two or more explanatory variables were strongly correlated to each other but weakly correlated to the When a parametric model is derived solely for the purpose of prediction, a set of input-output data of moderate size may suffice. The present investigation was also focused on the parameters of the fitted model and, in such cases, much larger data sets are needed. We noted that a readily interpretable pattern in the regression coefficients did not emerge until considerable amounts of input-output data were analysed. When data representing a period of 'only' 30 years were used, the uncertainty of the estimated coefficients was so large that it was difficult to identify even the most influential input variables ( Figure   4 ). This implies that, in practice, artificially generated weather data must be employed to reveal the dynamic properties of models as complex as SOIL/SOILN.
Artificial weather data can be generated in many different ways. For example, a large number of new time series can be obtained by resampling of a set of observed data. Our approach was slightly more sophisticated in the sense that it enabled generation of new weather events that were consistent with observed univariate distributions of each of the meteorological variables, and that it had realistic cross-and autocorrelations. However, it should be emphasised that we made no attempt to take into account the uncertainty involved in estimating the multivariate distribution of the different weather variables.
CONCLUSIONS
The impact of short-term fluctuations in inputs on temporally aggregated outputs can be estimated by regression analysis of large sets of model inputs and outputs.
High resolution of model inputs is a prerequisite of obtaining a good linear approximation of the processoriented model.
Both PLS and OLS permit identification of the meteorological variables that have the strongest impact on model outputs and the characteristic time lags between model inputs and outputs.
If the input variables are strongly correlated, smoother regression coefficient patterns will be produced by PLS than by OLS. Thus PLS will facilitate the search for mechanistic explanations for derived patterns of regression coefficients. 
